Dysregulation or inhibition of apoptosis favors cancer and many other diseases. Understanding of the network interaction of the genes involved in apoptotic pathway, therefore, is essential, to look for targets of therapeutic intervention. Here we used the network theory methods, using experimentally validated 25 apoptosis regulatory proteins and identified important genes for apoptosis regulation, which demonstrated a hierarchical scale-free fractal protein^protein interaction network. TP53, BRCA1, UBIQ and CASP3 were recognized as a four key regulators. BRCA1 and UBIQ were also individually found to control highly clustered modules and play an important role in the stability of the overall network. The connection among the BRCA1, UBIQ and TP53 proteins was found to be important for regulation, which controlled their own respective communities and the overall network topology. The feedback loop regulation motif was identified among NPM1, BRCA1 and TP53, and these crucial motif topologies were also reflected in high frequency. The propagation of the perturbed signal from hubs was found to be active upto some distance, after which propagation started decreasing and TP53 was the most efficient signal propagator. From the functional enrichment analysis, most of the apoptosis regulatory genes associated with cardiovascular diseases and highly expressed in brain tissues were identified. Apart fromTP53, BRCA1 was observed to regulate apoptosis by influencing motif, propagation of signals and module regulation, reflecting their biological significance. In future, biochemical investigation of the observed hub-interacting partners could provide further understanding about their role in the pathophysiology of cancer.
INTRODUCTION
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proteins results in unchecked proliferation of cells, leading to cancer. Apoptosis requires activation of multiple pathways, involving regulated protein-protein interactions (PPIs), mediated through a number of stimuli such as viral infection [3] , cell stress [4] and DNA damage [5] . The apoptotic stimuli are composed of both extrinsic signals, where binding of/death inducing ligand to the cell surface receptors (death receptors) is essential, and the intrinsic signal [5] , produced during cellular stress involving mitochondria [6] . During apoptosis, several proteins are released from the intermembrane space of the mitochondria into the cytoplasm, which activates initiator Caspases to trigger a series of PPIs in the Caspase cascade [7] . Deregulation of apoptosis is implicated in numerous pathological conditions, such as neurodegenerative diseases, autoimmunity and cancer [8] .
A comprehensive knowledge of PPI in preventing the occurrence of apoptosis could provide a framework for understanding the biology of cancer as an integrated system [7] . Protein interaction maps with many practical applications hold the key to understand complex biological systems [9] . The Network theory has been proposed to be an important technique to understand topological properties of complex networks and their dynamics [10] . Most of the real networks fall in scale-free type [11] , small world [12] , random [13] in nature and hierarchical [14] . Hierarchical network is of special interest because of its important structural properties (emergence of modules/communities and sparsely distributed hubs) [14] [15] [16] and self-organized working principle [14, 17] . The emergence of modules/communities in this network type is of specific interest because they may correspond to independent functions obeying their own laws [14] and their individual activities are nonlinear in nature [10] . The sparsely distributed hubs may interfere and control network stability [18] as well as other communities. We aimed to expedite the biological networks that describe alteration (up-or downregulation) in genes/pathways, which could contribute to the pathogenesis of cancer and other associated diseases. Involvement of proteins in all biochemical processes is an established fact, and an extensive analysis of protein-protein networks has the potential to facilitate the identification of pathways and genes affected during the disease process. Initial systems biology study on interconnectivity of death pathways has provided a great advance in understanding of apoptosis [19] . It was pertinent, therefore, to understand the regulation of apoptosis through computational approach with experimentally studied apoptosis regulatory proteins from various pathways. We computationally constructed subnetwork/modules and analyzed the key regulatory signals of apoptosis. By using the previous experimental evidence involving a select set of apoptosis regulatory genes [5, [20] [21] [22] [23] [24] [25] [26] [27] , we identified a model motif for feedback regulation of apoptosis and showed that the phenomenon was regulated through three node motifs, and each node could control its regulation. Our interest was to understand the topological properties and identify key apoptosis switches.
METHODS

Selection of genes
The dysfunction or dysregulation of the apoptotic program is implicated in a variety of pathological conditions. Previously, our laboratory validated experimentally and analyzed statistically the apoptosis pathway (DNA Damage Response, death receptor and immune surveillance) related genes [1, 2] . These genes were recognized in various experimental studies, which involved genotyping (TNFA, IL10 and IL4) [2] , gene expression (MDM2, P21) [3] and methylation (TP53 [4] , IFNG [5] , TGFB1 [6] , TNFSF10 [2] , IL6 [7] , H2AFX [8] , TNFRSF10A,  TNFRSF10B,  TNFRSF10C,  TNFRSF10D,  CASP8, CASP3, CFLAR, BCL2, ATM, BRCA1 , BRCA2, UQCRFS1 and CHK2) [1] . To this list of 24 genes we added MDR1 [9] from literature. The experimental studies were carried out in sporadic breast cancer of North Indian population (1-3 of Table 1 ). We also constructed and studied the whole human PPI network based on these 25 genes.
Construction of PPI network
PPI network of apoptosis regulatory genes was constructed by APID2NET [28] , an implemented plugin of Cytoscape (to visualize molecular interaction networks) [29] . APID2NET version 1.0 tool works as a plug-in with Cytoscape Version 2.8.3, which was used to retrieve all the possible information on PPI from six main source databases, namely the Database of Interacting Proteins (DIP) [30] , Biomolecular Interaction Network Database (BIND) [31] , IntAct [32] , Molecular Interactions Database (MINT) [33] , The General Repository of Interaction Datasets (BioGRID) [34] and Human Protein Reference Database (HPRD) [35] . Swissprot/Uniprot IDs for the group of 25 regulatory genes were retrieved and imported to Cytoscape via its plug-in APID2NET [36] and used to construct PPI network. The analytical and integrative effort done in APID provided an open access frame where all known experimentally validated PPIs were unified in a unique web application. This allowed an agile exploration of the interactome network and included certain calculated parameters that weighed the reliability of a given interaction (i.e. the 'edges' of the interactome network) between two proteins, and also qualified the functional environment around any given proteins and their interacting partners (i.e. the 'nodes' of the interactome network) [28] . The APID2NET parameters included (i) 'interspecies proteins', filtering species-specific interactions (ii) 'hypothetical proteins', used to filter the hypothetical proteins from the interaction; (iii) 'conexion level', that defines the degree of the network neighborhood (where the value 1 was selected and the network contained the initial protein and only all its first neighbors); and (iv) 'experimental methods', defining the minimum number of experimental methods that validate the interactions. Here, we cross-checked with two of the studied candidates, TP53 and BRCA1, where IntAct database when used showed thousands of interactions with TP53 and BRCA1 proteins; however, when APID2NET, a combination of six main source databases (DIP, HPRD, BioGRID, BIND, IntAct and MINT), was used filtering with key word Homo sapiens, it removed duplicate interactions and id validations and retained 323 proteins interacting with TP53 and 75 with BRCA1. We also calculated the perturbation degree for a group of 25 apoptosis regulatory genes with the whole human PPI network from HPRD to cross-validate the method.
Identification of highly regulating nodes in the network
In the larger integrated networks constructed, proteins with a really high degree (the number of edges per node) interacted with several other signaling proteins, indicating a key regulatory role of regulatory hubs. It is believed that proteins with many interacting partners in the network tend to play important roles in the cells, and these tend to be essential proteins or disease-associated proteins [37] . In our study, using Network 
Construction of high-scoring modules
Modules of large PPI network are defined as the set of statistics and functionally significant interacting genes [38] . We constructed modules, using MCODE version 1.32 [31] , which follows the principle that highly connected regions (or clusters) of interaction networks are often complexes. MCODE, the plug-in of Cytoscape, identifies the clusters that are highly interconnected regions in a network. We used default setting of MCODE, which analyzed networks, using Scoring [include loops, degree cutoff (2)] and Finding [node score cutoff (0.2), haircut, node density cutoff (0.1), K-core (2), Maximum Depth (100)] parameters that were optimized to produce the best results for the network. The potential modules were identified by a search method, estimating their significance scores with a high score (>1) and a decent number of nodes and edges [31] . Once the nodes in a module were identified, one could intuitively reduce the complexity of the network by replacing the individual nodes with one large parent node, which allowed focusing on the interactions with the module.
Interaction of hub with the modules
The identified four hubs interacted with each module with different interacting strength (number of interacting nodes in the module with the hub). Hubs were part of the unified network; two of these were present in two independent modules. Such hubs have 2-fold roles. Firstly, a hub in a particular module directly interacts with the nodes in the module to preserve the stability of the network, suggesting fast information processing and quick accessibility of the molecules. Secondly, the hub could be a most influencing node, becoming the means of strong cross talking among the modules that interact with it. It has been observed that each hub or specialized set of hubs somehow controls a module that may constitute a functional process [39] . Modules are highly connected cluster of nodes. Hub, a single node, could be present in a strongly interacting cluster of nodes (module). The algorithm we used (MCODE) does not allow a single node (hub) to be present in more than one module. Further, if this single hub is interacting with more than one module with high interacting strengths (large number of inter-link edges), this hub, which has to be physically located in only one module, allows cross talk among the modules. The analysis of PPI network was focused to find the functional dependence between the hubs and modules of the network, and we calculated interacting strength of each hub connecting to each module. The connecting edges between the hubs and modules were identified using Cytoscape. The interaction between the hub and module nodes provided the opportunity of a more precise understanding of the biological functions, providing valuable clues for biologists.
The centrality measurement of the network
We considered two centrality measurements to analyze our apoptosis-regulating network as described below.
Betweenness centrality
The betweenness centrality (C B ) quantifies a node occurring a number of times to bridge along the shortest path between two other nodes [40] , which could be calculated by,
mðs; i; tÞ mðs; tÞ where m(s,i,t) is the number of shortest path connecting s and t that pass through node i, and m(s,t) is the number of shortest paths in-between nodes s and t. The sum is to be taken of all pairs (s,t) of distinct nodes. In a complex network, the nodes that have high value of C B lie on paths between many other nodes, and have high influencing capability of information spreading within the network [41, 42] .
Closeness centrality
Closeness centrality (C C ) can be established in terms of 'shortest path lengths' between pairs of nodes [43] . The farness of a node can be estimated by the sum of its distances to all other nodes in the network, and closeness is measured as the inverse of this farness [42, 44] . The closeness centrality of node i is defined by [3] ,
, where d ij is the shortest distance between node i and j, and N is the size of the network. The C C of a node in a network describes the efficiency of the node for information propagation in the network [44] . The high C C valued nodes in the complex network have higher efficiency to propagate information in the entire network [45] , whereas nodes having low C C values have higher receiving capabilities of information [44] .
Network motif
In biological networks, these motifs are suggested to be recurring circuit elements that carry out key information processing tasks [46] . To understand these complex networks, we sought to break down such networks into basic building blocks. A network motif was defined based on the criterion that the number of occurrences must be at least five, and also must be significantly higher than that used in randomized networks. We applied FANMOD [47] on complete network, constructed using APID2NET to select network motifs. The significance test was carried out on 1000 randomized networks, and a pattern with P < 0.05 was considered statistically significant. The subnetworks (hub-interacting proteins) were analyzed for three node motif, using MCODE, from which we identified the motif within highly clustered nodes.
Propagation of perturbation in network
PPIs operate at almost every level of cellular function, involving the structure of subcellular organelles, the transport machinery across the various biological membranes, packaging of chromatin, the network of submembrane filaments, muscle contraction and signal transduction, regulation of gene expression and other functions [48] . We collected the complete PPI data from the HPRD Release 9 [49] . It is an object database that integrates a wealth of information relevant to the function of human proteins in health and disease. It is manually curated by biologists who have read and interpreted over 300 000 published articles during the annotation process. Data pertaining to thousands of PPIs, posttranslational modifications, enzyme/substrate relationships, disease associations, tissue expression and subcellular localization have been extracted from literature into the database [9] . From HPRD we constructed the propagation of network growth of each hub protein (TP53, BRCA1, UBIQ and CASP3). Each hub protein was queried for interacting partners (r ¼ 1); considering these interacting proteins as direct interaction (DI) we queried these DI proteins in HPRD. Likewise, we constructed the network growth till r ¼ 5. The repetition of protein at each step was taken care of before querying the database [50, 51] . We used a Perl script to construct the propagation of network growth, using above-mentioned steps. We separately queried each hub protein (TP53, BRCA1, UBIQ and CASP3) for direct interacting partners, which form the shells of nodes at a distance 'r'. Then their average degree of nodes in the shell of nodes at distance 'r' is <k 2 > <k> , and the average residual degree is
. Then the probability that the nodes at a distance at r interlinks with the nodes in the shell, jD (r) j, is given by jDðrÞj ¼
<k> is the rate of network expansion [52] .
Functional annotation of modules and proteins with propagation of perturbation in network
To understand the functional role of known proteins involved in five modules and propagation of perturbation in network, identified from four hubs, we studied topological properties of the modules and signal propagation of the identified hubs to correlate with biological significance. Because modules tend to have a similar function, we over-represented the Gene Ontology categories (Molecular function, Biological process, Cellular Components) and also identified the status/association of these proteins in diseases, expression and posttranslational modification for each module and propagation of signal in the network. The major categories were considered based on the percentage of each set of nodes to construct pie diagrams that allowed better visualization of the functional categories.
Characterization and statistical measures of networks
The statistical and functional significance of the network and subnetworks, extracted from the whole network, was measured using various statistical parameters, namely, in our case, probability of degree distribution, average clustering coeffcient and average neighborhood connectivity [53] . The degree of probability distribution, PðkÞ, of a network defined by P k ð Þ ¼ n k N , which is the ratio of the number of nodes having a 'k' degree in the network ( n k) to the size of the network (N), was used to capture the network structure, identification of hubs and modular organization of the network [53] . The network we constructed obeyed power law P k ð Þ $ k Àg , indicating the scale-free nature of the network [11, 19, 20] , where g was an order parameter that identified the different topological structure of a scale-free network. The values of this g indicate various structural properties and organization of scale-free network: (i) if g is 2 g 3, few large hubs hold a number of smaller hubs and large number of individual nodes together [11] , (ii) if g 2, inherent modular structure in the network emerge, known as hierarchical network where the role of modules is more important [14] , (iii) if g > 3, the hubs are irrelevant, loosing various scale-free features in the network, qualifying the network to random network [17] .
The clustering coefficient C (k), which is defined by CðkÞ ¼ 2E=kðk À 1Þ and is the ratio of the number of edges E of the node having a k degree with neighbors to the total possible number of such edges, kðk À 1Þ=2, is a measure of the topological structure of the network [12] . The average clustering coefficient CðkÞ identifies overall organization of formation of clusters in the network. Similar to P(k), CðkÞ may depend on network size [11] and characterizes various properties of the network: (i) for scale-free and random networks where CðkÞ is independent of k CðkÞ $ constant [17] , and (ii) for hierarchical networks where CðkÞ follows power law scaling behavior, CðkÞ $ k Àb with b $ 1 [14] . The neighborhood connectivity of a node is the number of connected neighbors with it and characterizes the correlation pattern of connectivity of interacting nodes in the network [18] . This connectivity correlation was measured by defining a conditional probability Pðk 0 n jk n Þ, which is the probability of making a link from a node having degree k n to another node of degree k' n [25] . Then the average neighborhood connectivity of nodes with connectivity k n is given by,
[25], following a power law scaling behavior with a < 1 for most of the real networks [18, 54] . If C n (k n ) is an increasing function of k n (for negative values of a), then the topology of the network show assortive mixing [55] where high-degree (the number of edges per node) nodes have affinity to connect to other high-degree nodes in the network. However, C n k n ð Þ $ k n À/ with positive values of a is the signature of the network having hierarchical structure [54] , where low-degree nodes tend to connect high-degree hubs [55] , and the few high-degree hubs present in the network try to control the low-degree nodes.
RESULTS
Characterization of apoptosis regulating network
On the basis of our previous work on 25 apoptosis regulating genes (ARG) ( Table 1) in sporadic breast cancer, a PPI network was developed, using the APID2NET plug-in with Cytoscape (Supplementary Data S1, edge list). The purpose was to integrate experimentally validated interacting proteins with Apoptosis regulating protein coding genes (ARPCG). Further, the network was manually curated by cross-checking with HGNC and NCBI gene information. After removing redundancy, the constructed network contained 10 696 interactions, involving 1017 proteins ( Figure 1A) . To understand the topological properties of this network, probability of degree distribution P (k) was calculated first, showing that the network followed a power law scaling behavior, i.e. PðkÞ $ k
Àg with the value of the degree exponent g ¼ 1.467 AE 0.2 ( Figure 1B) , where the straight line is the fitted curve to the data points with P (k) $ k À1.467 with correlation coefficient value 0.980 fitting with data. The small value of g (g < 2) indicated that the network falls in a hierarchical network [17] , which is the signature of emergence of hierarchy of modules/communities [14] , with sparsely distributed few large hubs in the network [54] . Large fractions of low-degree nodes in the network were connected with these hubs, indicating that these hubs tend to control the low-degree nodes and modules with their own functionality. For further confirmation of this topological feature of the network, the average clustering coefficient C(k n ), calculated as a function of number of neighbors k n ( Figure 1C) , again followed the power scaling law given by Cðk n Þ $ k Àb n with b ¼ 0.73 AE 0.1 $ 1, which supported that the network falls in hierarchical network [14] . The straight line is the fitted curve with Cðk n Þ $ k À0:73 n with fitting correlation coefficient value of 0.453 to the data points.
Average neighborhood connectivity C n (k n ) of the network, constructed as a function of k n, again followed power scaling law given by, C n ðk n Þ $ k À/ n with a ¼ 0.45 AE 0.03 $ 0.5 ( Figure 1D ), indicating that the network falls in hierarchical network [14, 54] , where the straight line is the fitted curve by C n k n ð Þ $ k À0:45 n with fitting correlation coefficient 0.645 to the data points. Even though it is comparatively small value, the data are well fitted to the curve. The observation followed the significant existence of sparsely distributed few hubs, namely, TP53 (P04637), BRCA1 (P38398), UBIQ (P62988) and CASP3 (P42574), in the network ( Figures 1A  and 2 ) (Supplementary Data S1, Protein degree). This indicated the affinity to attract a large number of low-degree nodes toward each hub, which is a strong evidence of controlling the topological properties of the network by these few hubs. The four genes represented the main hubs in the network, regulating the network [56, 57] . From the whole human PPI HPRD data, we identified that these four genes were reflected with a high perturbation degree and the topological properties of the network remained the same, validating the robustness of the constructed network (Supplementary Data S1, HPRD). From our network analysis, we also identified, for the first time, BRCA1 as one of the hubs, indicating its key role in the regulation of apoptosis.
The approach adopted in our work to combine experimental observations with computational analysis has clearly indicated the importance of BRCA1 as one among other three candidates, TP53, UBIQ and CASP3, as hubs and module regulators. The modular topological structure of the network manifested the existence of various functional modules or subnetworks and also the organization among these modules [14] .
Functional modular structure of network
Modules or communities in a large network are statistically and functionally significant interacting clusters of nodes [58] , which correspond to community structures present in the network [14] . We were able to identify five such significant modules (Figure 3 ) in our network that could have distinct biological Data S2) . In terms of functionality of the overall network, system-level organization of these modules was maintained through interaction via various other nodes in the network. Surprisingly, out of four significant hubs, only two hubs, UBIQ present in module 1 and BRCA1 in module 4, indicated that most of the significantly large hubs did not only interfere in the internal regulation of their own modules in the network but also affected other modules. However, hubs like TP53 and CASP3 were not present in any of the modules, revealing that these hubs indirectly interfered with modular properties and activities; also with a possibility to cross talk among the modules via these hubs. These modules were found to be linked via sparsely distributed nodes, which have the possibility of cross talk among the modules [59] . We found that these modules interacted among themselves via four largest hubs in the network (Figures 4-7) (Supplementary Data S3).
Because larger hubs are attractors of small-degree nodes in a hierarchical network [54, 55] , loss of these hubs could cause lethality in the topological properties of the network [53] . The functions of the four hubs (Figures 4-7) observed were 2-fold: first they directly interfered via some member nodes in individual modules to control the regulation of these modules, and second, they were the dominant preserver (properties of the network were mainly controlled by these four hubs) of the topological properties and stability of the overall network. The UBIQ hub protein had the largest number of connections with five modules, followed by TP53, BRCA1, indicating that these proteins were the key mediators of modules. However, UBIQ was connected with none of the proteins in the leastscored module (module 5). On the other hand, UBIQ interacted with all the proteins in modules 1 and 2, also connected to most of the proteins in the module 3, except ARRB2 (P32121) and MAP3K14 (Q99558). In case of CASP3, it interacted with the least number of proteins (Table 2 ) and also did not interact with any of the proteins in high-scored module (module 1). Amongst four hubs, TP53 and BRCA1 were the proteins interacting with all the five modules, where BRCA1 connected with all the proteins in module 5. However, in case of module 1 [UBIQ (P62988), RPL31 (P62899) and H2AFX (P16104)] and 2 [NPM1 (P06748), DHX9 (Q08211) and DDX39 (Q00148)], only three proteins were connected with BRCA1. From the analysis of hub and modules, we identified that BRCA1 regulated one cluster of nodes (module 5 and 4) and UBIQ regulated another cluster of nodes (module 1, 2 and 3). We also identified that BRCA1 interacted with UBIQ, which also was present as one of the proteins in module 1 ( Table 2) .
System-level organization of network
The network properties analysis was carried out using Network analyzer; in this case, we considered hubs and their interacting proteins as a subnetwork. The main large four hubs, TP53 (325 nodes and 1765 edges), BRCA1 (190 nodes and 1177 edges), UBIQ (158 nodes and 3879 edges) and CASP3 (142 nodes and 442 edges) (Supplementary Data S4), in fact formed their own communities within the network, where these hubs were main regulators within their respective subnetwork ( Figure 8A ). Because these were bigger subnetworks than the five modules we described, we systematically analyzed further to study the topological characteristics of these subnetworks to understand the role of the main hubs within and outside the respective subnetwork. We calculated probabilities of degree distribution of the four subnetworks of the main hubs and the distributions still followed the power law scaling behavior ( Figure 8B ). The distributions of P(k) for these four subnetwork are fitted with PðkÞ $ k Àg and found that P TP53 ðkÞ $ k À1:534 for TP53, P BRCA1 ðkÞ $ k À1:484 for BRCA1, P CASP3 ðkÞ $ k À1:543 for CASP3 and P UBIQ ðkÞ $ k À1:125 for UBIQ, respectively (straight lines are the fitted curve on the respective data points), such that the average power law follows as P A ðkÞ $ k À1:4215 .This showed that g < 2. The average clustering coefficients of these subnetworks ( Figure 8C ) was calculated and found that C TP53 ðk n Þ $ k À0:604 n for TP53, C BRCA1 ðk n Þ $ k À0:54 n for BRCA1, C CASP3 ðk n Þ $ k À0:677 n for CASP3 and C UBIQ ðk n Þ $ k À0:0152 n for UBIQ, respectively, where average scaling law followed as C A ðk n Þ $ k À0:459 n and straight lines were the fitted curve on the respective data points. The average neighborhood connectivity for these subnetworks ( Figure 8D ) when calculated showed these still followed the power law scaling behavior, C nÀTP53 ðk n Þ $ k À0:763 n for TP53, C nÀBRCA1 ðk n Þ $ k À0:644 n for BRCA1, C nÀCASP3 ðk n Þ $ k À0:774 n for CASP3 and C nÀUBIQ ðk n Þ $ k À0:101 n for UBIQ, respectively (straight lines are the fitted curve on the respective data points), where average scaling law followed is C nÀA ðk n Þ $ k À0:57 n . These calculated values of g, b and a showed clearly that these hubs carrying subnetwork surprisingly fall in hierarchical network modular organization and the network played a crucial role in regulating the network.
The correlation coefficient values for these four subnetworks (TP53, BRCA1, UBIQ and CASP3) were very high, which showed how good fit was with the data points. The node degree correlation coefficient values found were 0.951 for TP53, 0.815 for BRCA1, 0.920 for CASP3 and 0.404 for UBIQ, respectively. The correlation coefficient values of average clustering coefficients of these subnetworks were calculated and found as 0.958 for TP53, 0.919 for BRCA1, 0.981 for CASP3 and 0.523 for UBIQ, respectively. The correlation coefficient values of average neighborhood connectivity for these subnetworks when calculated showed 0.991 for TP53, 0.980 for BRCA1, 0.997 for CASP3 and 0.567 for UBIQ, respectively. Even though it was comparatively small value, the data were well fitted to the curve. 
Centrality measurements of the network
The calculated values of C B and C C of our network and modules ( Figure 9A and B) indicated that C B and C C followed power law scaling behavior with k, C B ðkÞ $ k a and C C ðkÞ $ k b , where a and b are positive values. The calculated value of C B for module 1 and 2, C C for module 1 have a single value; therefore, we did not include in the respective figures. It was also found that the fitted straight lines on corresponding network and modules data, respectively, of these two centrality measurements were approximately parallel to each other with their average value of 'a' as 2.47 and 'b' as 0.435, respectively. The increasing value of C B as k increased indicated that high-degree nodes have the high influencing capability of spreading information in the network. Further, the C C behavior showed that high-degree nodes are the quick spreader of the signal propagated from it and low-degree nodes are quick receptors of the signal propagated. Therefore, the four main hubs in ARN played main role in signal propagating key nodes in the network and their respective modules. The results showed the capability of high-degree nodes (four hubs) efficiently influencing other nodes in the network. This influencing capability of these key regulators was stronger in modules than networks (Figure 9 ).
Network motif
A statistically significant basic skeleton of threenode motifs with the frequency of 19.008% (P < 0.05) appeared at least 5 for 1000 random networks generated on the human PPI network, using FANMOD [47] . We applied Cytoscape to analyze motif within highly connected nodes of subnetwork. Four hub subnetworks were subjected for the MCODE, which identified motifs. In all the subnetworks we identified three-node motif, whereas in case of TP53 we identified four node motifs, which were further classified into three node motifs. Further, we mapped ARG to network motifs and defined apoptosis-associated motifs, if the network motifs contained at least one ARG. Significant nodes (proteins) related to apoptosis were not found in the BRCA1 motif ( Figure 10A ). Three apoptosis-associated nodes ATM (Q13315), CASP8 (Q14790) and TNFRSF1B (P20333) were involved in apoptosis-associated motifs from the subnetwork of TP53 ( Figure 10B ), CASP3 ( Figure 10C ) and UBIQ ( Figure 10D ), respectively. We also found three hubs (TP53, BRCA1 and UBIQ) interacting ). The four subnetworks of the main hubs follow power law scaling behavior. A colour version of this figure is available at BIB online: http://bib.oxfordjournals.org. Module 1  Module 2  Module 3  Module 4  Module 5  Total   P53 hub interaction  10  7  3  4  6  30  BRCA1 hub interaction  3  3  2  14  17  39  UBIQ hub interaction  70  14  15  5  0  104  CASP3 hub interaction  0  1  2  4  3  10  Number of nodes  71  14  17  33  17  152 The table contains the total number of nodes and number of interactions of five modules with four hubs.
with each other and forming a three-node motif, which was similar to the pattern of motif identified by FANMOD ( Figure 10E ).
Propagation of signal in network growth
The propagation of a signal from a specific node in a large network to other nodes at a distance 'r' was measured by the probability that the nodes at a distance 'r' link with the specific node, jD (r) j [52] . This parameter in fact indicates how perturbation at a certain node affects the stability in the network and its topological characteristics [52] . We calculated jD (r) j for the main hubs TP53 (Figure 11 ), BRCA1 ( Figure 12 ), UBIQ ( Figure 13 ) and CASP3 ( Figure 14) , and found that jD (r) j first increased exponentially with 'r'. This indicated that the signal processing from the respective hubs was active (propagation of perturbation from the respective hubs increased) and efficient. Then this propagation of signal was maximum (saturates) at a particular value 'r'(r s ). The saturation value of r s for TP53, BRCA1, UBIQ and CASP3 was r s ¼ 3 (TP53, BRCA1, UBIQ and CASP3). Because the peak value of jD (r) j was maximum for TP53 where r s was <3, BRCA1, UBIQ and CASP3 had maximum propagation when r s > 3. Thus, the jD (r) j decreases as a function of 'r' due to the contraction of shells of nodes, which allowed decreases in signal propagation. The analysis indicated that TP53 had the maximum impact on the controlling affinity of the apoptosis regulatory network and other remaining hubs (BRCA1, UBIQ and CASP3) had a similar controlling capability.
Functional enrichment analysis on hubs and modules
The Network analyzer identified four hubs (TP53, BRCA1, UBIQ and CASP3) that apparently played a crucial role in the network. The functional analysis of these hubs when analyzed provided a new insight in apoptosis regulation. All the four proteins have been expedited as drug targets in various diseases (Pharmacogenomics in disease category). Three of these proteins (TP53, BRCA1 and CASP3) are associated with cancer and other diseases related to immunity and renal disorders with high rates of phosphorylated and proteolytic cleavage (posttranslational modifications). The expression status when analyzed for these genes, we found BRCA1 was expressed in most of the tissues, in comparison with other hub proteins, which included TP53 (fetus), CASP3 (leukocytes) and UBIQ (brain, kidney, liver and pancreas). These proteins were also involved in biological processes like transcription regulator activity, ubiquitin protease and cysteine peptidase activity. All four hub proteins are commonly localized in the nucleus and cytoplasm, but apart from UBIQ, other three proteins are also localized in mitochondria. The functional enrichment analysis is performed in the five modules of the ARG Network, showed module 1 was highly enriched with the proteins involved in protein metabolism and structural constituent of ribosome ( Figure 15 ). Module-2 genes were also enriched for proteins involved in regulation of nucleic acid metabolism and RNA binding. The module-3 proteins were involved mainly in signal transduction. Whereas modules 4 and 5 ( Figure 15 ) showed involvement in DNA directed RNA polymerase activity and DNA binding, respectively. We also found BRCA1 was present in module 4, and from the functional enrichment analysis the module 4 showed involvement in the process of apoptosis (Figure 15 ), suggesting the influence of the BRCA1 in apoptosis process. Interestingly, we identified that in all these modules, the proteins were undergoing phosphorylation at a high rate and were highly expressed in leukocytes and brain ( Figure 15 ). Looking at the diseases associated with these modules, the majority of genes showed an association with cancer (68%), as is known that apoptosis related genes when inhibited are associated with cancer. In our study, we also identified some other diseases, such as immunerelated (9%), neurological (7%), cardiovascular (3%), infectious (3%), metabolic (3%) and psychiatric (2%) associated with ARGs, though not significantly.
DISCUSSION
Modules that perform significant functions in the network were constructed. The correlation between hubs and modules gave an idea that hubs also controlled the regulation of these modules. The four subnetworks (hubs interacting proteins-HIP) observed in our work followed hierarchical network, and the emergence of smaller modules in the structure of each HIP was highlighted. Each of these networks replicated into smaller groups of subsubnetworks, which had different functional components. The number, organization and distribution of sub-subnetwork integrated in each hierarchical pattern of the subnetwork could be different. In our hierarchical network, topological stability of the network was strong because modules (as well as a subnetwork) acted as attractors to other modules (as well as a subnetwork). Each module or subnetwork was cohesive to sub-subnetwork [60] , and each subsubnetwork was reduced to a cluster of connected triangles, which were basic motifs, corresponding to significant feedback (positive and negative) loops [60, 61] . This strong organization of the sub-subnetwork in subnetwork and subnetwork in overall network is expected to give strong resistance to the changes due to external perturbations [11] , preserve the stability of the network at modular level, as well as, overall network. It was apparent that these four main subnetworks were the main controller and regulator of the apoptotic genetic regulating network. Main hubs (TP53, BRCA1, CASP3 and UBIQ) in this apoptosis regulatory network (hierarchical network) have significant roles because they interact with functional modules, subnetwork in the network and sub-subnetwork in their own subnetwork. Interesting observation was made in hub and module interaction, where two hubs could preserve the stability of the network, information was fast and molecules were quickly accessible by directly interacting with the nodes in the module. These two hubs, UBIQ and BRCA1, present in module 1 and module 4, respectively, were the most influencing nodes with strong cross talking among the modules that interact with it. Even the hubs like TP53 and CASP3, which were not present in any of the five modules, acted as mediators to cross talk among the modules and also indirectly interfere with modular properties and activities. Because these hubs are strongly sensitive in preserving topological properties of the network, their absence causes breakdown of the network [53] and their presence is selective with evolutionary constraints [59] , acting as main regulators of the apoptotic regulating network.
The three node motif, the functional units of a network [28] identified at high percentages, included hub proteins (TP53, UBIQ and BRCA1), which showed the three nodes as one of the key regulators of apoptosis, indicating in other analysis as well.
These three proteins were observed with a high interacting capability in the form of motif and also regulated each other ( Figure 10E ). The hub protein interactions were further analyzed with the propagation of signal in network growth to identify the overall importance of hub proteins in a cell. These parameters in fact indicated how perturbation at a certain node affected the stability in the network and its topological characteristics. The analysis indicated that BRCA1 influenced the in-signal propagation at a higher level (r > 3) as compared with TP53 ( Figures 11 and 12) . Interestingly, we found from the functional enrichment analysis that most of the HIPs were expressed in brain, corroborating with the high association of apoptosis in brain, and also expressed in other tissues like kidney, heart and liver (Figures 11-14) . These proteins were highly phosphorylated as compared with other posttranslational modifications. It is known that phosphorylation plays an important role in apoptosis, yet the phenomenon is not well understood during apoptosis. Our study provides some insight in the importance of phosphorylation in the process of PPI and apoptosis [62] . One of the important results from our study also was that these interacting proteins were highly associated with cardiovascular, metabolic and immune diseases, apart from cancer (Figures 11-14) .
Systems biology approach is one of the best ways to unravel the challenges of signaling involved in the basic processes of cellular death and survival, and designing strategies to sensitize cancer cells toward apoptosis [63] . Understanding apoptotic signaling pathways and identifying interacting protein partners thus becomes critical, for which a few mathematical models (Bayesian networks, Ordinary differential equations, Boolean network and Petri nets) [64] [65] [66] [67] have been proposed and analyzed. Network-based approach applied to experimentally observed data and the information in literature has provided a patch to build models to understand apoptosis regulation and its associated complications [63] . We computationally modeled the apoptotic signaling interaction, using experimentally studied 25 apoptosis regulatory genes [5, [20] [21] [22] [23] [24] [25] [26] [27] , to expedite the information on the key regulators of apoptosis through PPI. The topological property reflected a hierarchical organization of scale-free fractal nature of the PPI network and its subnetwork. The interesting observation of function in modules suggested looking into the connecting nodes of hubs and modules. UBIQ and BRCA1 were the two important regulators, identified through hub-module interaction analysis. BRCA1 interacted with module 1 and module 2 via three proteins (UBIQ, RPL31 and H2AFX) of module 1 and (NPM1, DHX9 and DDX39) of module 2, respectively. Further, some of the key biologically significant roles of these interactions were identified where module 2 interaction of BRCA1 was assessed as important in gene regulation, as BRCA1 interacts with DHX9 in MicroRNA processing [68] . The reciprocal requirement of BRCA1 and pT199-NPM1 for normal turnover of each protein at the sites of DNA damage could be ascribed to the functional interaction of the two proteins [69] . Moreover, a reduction in the levels of BRCA1 has been shown to reduce ubiquitination of H2AX, leading to a high rate of H2AX phosphorylation [70] . The interaction between BRCA1 and phosphorylated H2AX (g-H2AX) of module 1 emegered important as a repair signal after DNA damage [70] . Further, NPM1 was observed as a common interacting gene for both TP53 and BRCA1 in module 2, where high levels of NPM1 are known to inactivate tumor suppressor p53/ARF pathway and promote the tumor growth [71] . It is reported that BRCA1-BARD1 ubiqutinates NPM, which stabilizes NPM protein, indicating that BRAC1 regulates the TP53 via interaction of NPM1 [72] . Another prominent regulator, UBIQ, showed interaction with four genes [RELA (Q04206), RHOA (P61586), IKBKB (O14920) and TNFRSF1A (P19438)] of module 4. These genes when enriched with functions, showed a relation with cell communication and transcription factor activity [73] . CASP3, as another hub, though attributed with the importance of interacting with BRCA1 [74] [75] [76] , did not show any interaction with most of the proteins in the modules. Incidentally, CASP3 and BRCA1 provide feedback interaction, and the cross talk between the two where BRCA1 regulates the caspase-3 activation by phosphorylation, and caspase-3 mediates the cleavage of BRCA1 [74, 75] , seems of interest in gene-gene regulation, where the propagation of signals are of similar pattern for BRCA1 and CASP3, regulating each other. TP53, also known to regulate CASP3 [76] , propagated high at initial phase, which was different from BRCA1 and CASP3. We observed that TP53 propagation at any phase could regulate BRCA1 (through CASP3) and CASP3, which suggests, on the basis of the propagation of signals, that TP53 could be a potential regulator of apoptosis, and BRCA1, a novel candidate along with TP53, regulating the phenomenon of apoptosis.
It is well established that BRCA1 is involved in DNA repair by homologous recombination, cell cycle checkpoint, transcription and apoptosis [77] [78] [79] [80] . BRCA1 has been implicated for both apoptotic and antiapoptotic activities and was shown to inhibit BARD1-induced apoptosis in human breast cancer cells [81] . However, it was shown to behave differently in the two cell lines studied, inducing apoptosis in U2OS but not in MCF-7 cells, despite the activation of JNK in both the cell lines. The cause leading to different outcomes in the two cell lines was attributed to the differential ERK1/2 activity between the two cell lines, protecting the MCF-7 cells from BRCA1-induced apoptosis [82] . It was, therefore, essential to understand the role of BRCA1 through its association with other proteins related to apoptosis. Here, we adopted a systems biology approach with experimentally studied apoptosis regulatory genes, where BRCA1 was identified as one of the four key regulators, which also is known to be a key player in DNA repair processes and normal cell cycle [83] .
CONCLUSION
In this study, we have developed and applied an integrated experimental and computational approach to investigate the apoptosis regulatory network. Here, we studied the network of 25 proteins, which were identified as important regulators of apoptosis from a sporadic breast cancer study. Our results suggest that BRCA1 and UBIQ act as key regulators of apoptosis, regulating two clusters of network, one involved in the node of protein metabolism and the other in nucleic acid metabolism. Four hubs were identified from the network; though the TP53 was identified as a major hub, the analysis of hub-module interactions revealed BRCA1 as a key protein, which regulated the network through transcriptional regulation, phosphorylation, ubiquitination and stabilization of NPM1 protein. TP53 was also identified with a major controlling capability. The interaction between BRCA1 and H2AX was also found to be crucial. From the motif analysis, it was proven that the interaction between BRCA1, UBIQ and TP53 was critical for apoptosis regulation. The connection between NPM1, BRCA1 and TP53 provided a feedback loop of the network. From the overall study the topological analysis showed a hierarchical scale-free fractal network.
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Key Points
The PPI network of apoptosis regulatory genes followed a hierarchical scale-free fractal network. TP53, BRCA1, UBIQ and CASP3 were identified as a four key regulators of apoptosis and were also dominant preservers of the topological properties and stability of the overall network. The propagation of the perturbed signal provided novel information in apoptosis regulation.TP53 was identified as most efficient propagator at initial phase, whereas BRCA1and other hubs propagated efficiently thanTP53 in a later phase. The feedback loop regulation motif was identified among NPM1, BRCA1 and TP53. The hub motif involved TP53, BRCA1 and UBIQ. These crucial motif topologies were also reflected in high frequencies in the global network of apoptosis signaling system. TP53, a known regulator, along with BRCA1as a significant candidate, regulated apoptosis by influencing motif, propagation of signals, module regulation, reflecting their biological significance.
